ABSTRACT Nowadays, a large amount of energy is consumed by buildings in the city. Among them, industrial energy consumption accounts for a large proportion due to the high power of manufacturing devices in the job-shop. To achieve higher energy-efficiency, lots of scheduling methods in the job-shop are developed. However, most of the current scheduling method is based on the prior-experimental data and the schedule of the production cycle cannot be adjusted according to energy status of manufacturing devices. Thus a dynamic scheduling system based on the cyber-physical energy monitoring system is proposed to improve the energy efficiency of the job-shop. First, a novel process of ''scheduling-monitoring-updatingoptimizing'' is implemented in the proposed system. In the scheduling model, tool aging condition is considered along with the geometry information of the work-piece to estimate energy consumption of the manufacturing process. At last, a modified genetic algorithm with multi-layer coding is applied to generate an energy-efficient schedule. The proposed system is implemented in a production cycle which contains 36 operations of six work-pieces and ten machine tools to prove its validity.
I. INTRODUCTION
A large amount of energy is consumed by buildings in the city. Among them, industrial energy consumption accounts for a large proportion due to the high power of manufacturing devices in the jop-shop [1] , [2] . Machining orders processed by Computer Numerical Control (CNC) machine tools are nowadays characterized by their customization and low volume, which implies that stricter energy saving is demanded for the manufacturing process [3] - [5] . In the manufacturing process, there will be various changes on order priorities, unexpected incidents and working conditions. And those changes demand timely adjustment to the manufacturing process to achieve superior energy efficiency. A job-shop is a complicated system including manufacturing devices, air-conditioning devices, lighting devices and transport equipment those require their respective energy to implement their functionalities. Meanwhile, manufacturing process is energy-intensive due to the high power of various manufacturing devices. In the past decade, trends of lean production have begun to drive the manufacturing industry from the pattern of energy-intensive to the pattern of energy-sustainable [6] . Scheduling is a significant approach to improve the energy-efficiency of the job-shop [7] .
Nevertheless, manufacturing process is complex due to the collaboration of multi-systems and could hardly be modeled precisely based on analytical methods. In other words, the existing scheduling systems have to build their recognition patterns based on the historical operating data of machine tools, which is hysteretic for the dynamic decision making and optimization. Along with the manufacturing process, manufacturing devices and auxiliary devices are aging and degrading. However, the aging condition of auxiliary devices is negligible enough to be ignored. So we just consider aging condition of machine tools, which results in variable energy consumption and dynamic breakthroughs during production cycles [8] . The above situation should be considered in the scheduling problem to optimize the manufacturing process dynamically.
Enabled by Cyber-Physical System (CPS), the real-time energy status can be monitored and transported to the scheduling system, thus the model coefficients can be updated timely [9] - [11] . Adjusting the energy status of equipment in the shop floor turn the static scheduling system to a dynamic one, thus the hesitance of the scheduling decision based on the pre-defined energy status can be eliminated.
II. LITERATURE REVIEWS
In the past two decades, research on scheduling methods orienting energy-efficiency has been actively conducted. Most researchers have focused on the modeling method to make the manufacturing schedule energy-efficient and algorithms to improve the energy efficiency of scheduling. Meanwhile, on account of the rapid development of CPS technologies, research on CPS implementation in monitoring the data of manufacturing process has been carried on. The latest research can be summarized as follows.
A. ENERGY CONSUMPTION MODEL OF MACHINE TOOLS
Zhou et al. [12] made a comprehensive review of the existing energy consumption models and pointed out that the energy efficiency of a machining process is highly dominated by its Material Remove Rate (MRR), which is determined by a series of cutting parameters, such as feed rate, cutting force and scallop height requirement, etc. Aramcharoen and Mativenga [13] calibrated the energy consumption model for three feed axis and found that the feed rate influences the driving power linearly. Hence, zig-zag and spiral tool path generation method with no unnecessary air-cuts could lead to a significant promotion of energy efficiency. Besides, feed rate is also an important distributor which is highly proportional to the other machining parameters and impacts the total energy cost.
Since lots of machining parameters of machining are highly coupled, many researchers focus their attention on optimizing series of parameters simultaneously to minimize the energy consumption. Li et al. [14] presented an integrated approach of process planning and cutting parameter optimization for energy-aware CNC machining to achieve minimum energy consumption and balance of machine workloads. Sato et al. [15] constructed an energy consumption model of feed-drive system based on the machine tool configuration, including the masses, sizes, velocities and moments of inertia, etc. Kant and Sangwan [16] proposed an accurate predictive model of energy consumption using ANN, and analyzed the impacts of spindle speed, feed rate, cutting depth, cutting stripe width on the cutting energy consumption. Some researchers, such as Mouzon et al. [17] and Hu et al. [18] , proposed methods which optimized the whole machining process which contains milling, turning, grinding, etc. Besides, plenty of heuristic algorithms are applied to optimize the working process in the job-shop [19] - [21] .
B. ENERGY EFFICIENT SCHEDULING FOR MANUFACTURING
On the basis of various energy consumption models, scheduling methods orienting the energy-efficiency are applied to improve the energy efficiency in the shop floor.
A modified Particle Swarm Optimization approach was developed by Tang et al. [22] to deal with dynamic scheduling under unexpected accidents, thus the makespan can be reduced along with energy consumption. Liu et al. [23] developed a novel bi-objective Genetic Algotithm to minimize the total energy consumption and reduce the sluggishness of responses . in the optimizing process the elitism strategy was used to improve the operating efficiency. In the research of Yan et al. [24] , grey relation analysis is implemented in the proposed multi-level model for selecting optimal machining parameters. Additionally, Genetic Algorithm was applied to minimize the energy consumption and makespan. An enhanced bees algorithm was propsed by Xu et al. [25] . A probabilitistic model was proposed by Gao et al. [26] to reduce the energy consumption and improve the productivity. In the memetic algorithm propsed by Salido et al. [27] , a makespan was given which defined the reschedule zone of the optimization. A large number of investigations of optimization algorithms to improve the energy-efficiency of devices has been conducted. However, the aforementioned researches are based on static energy status of manufacturing devices and ignores the aging condition of devices in the shop floor.
C. CPS TECHNOLOGIES FOR MANUFACTURING
As stated before, unexpected breaks exist in the manufacturing process due to the flexible working conditions, thus repairing and maintenance of the manufacturing system is required and a waste of time and energy would cripple the system efficiency. Based on the aforementioned analysis, it is indispensable to utilize CPS-based infrastructure to monitor the status of all kinds of equipment in the shop floor, thus the scheduling system should be able to react timely according to the changes of working conditions [28] - [30] . Nagorny et al. [31] implemented novel CPS technologies to control and monitor manufacturing devices in the shop floor. Wang et al. [32] constructed a building energy management system based on the integration of wireless sensors and multiagent distributed control methodology to reduce the energy consumption of air-conditioning, lighting and official electrical devices. Wu et al. [33] proposed a control strategy to prevent the over-charging and over-discharging of batteries in the smart building, thus the batteries could supply the electric requirement of the house and prolong their lifetimes. Liu and Jiang [34] designed CPS for intelligent manufacturing with Big Data collection, processing and visualization. Based on the acquired data, lots of multi-attribute decisionmaking models are built to express the current working status in the job-shop [35] - [37] .
From the above review, a requirement can be identified that CPS technologies should be applied to monitor the energy status of devices in the job-shop and a scheduling optimization based on the acquired energy data is desired to improve the energy efficiency of the job-shop. The proposed system is innovated in the following aspects:
(1) A innovative process of ''scheduling-monitoringupdating-optimizing'' is implemented in the proposed system.
(2) Tool aging condition is considered along with the geometry information of the work-piece to estimate energy consumption of the manufacturing process.
(3) A modified Genetic Algorithm with multi-layer coding has been implemented to improve the energy-efficiency of the manufacturing schedule.
III. PROBLEM FORMULATION
A job-shop scheduling problem can be described as follows: n parts will be manufactured on m manufacturing devices. Each machine tool has respective processing characters, which will consume correspondingly different amounts of energy for manufacturing the same parts. To accomplish the i-th parts, n i operations are needed and each operation can be processed on at least one machine tool. The energy consumed during the makespan is not only consumed by the manufacturing devices but also consumed by the auxiliary devices in a shop floor, as shown in Eq. (1) E total = E manufacturing + P auxiliary · T .
(
The energy consumption of a job-shop consists of energy consumption of manufacturing devices and auxiliary devices. However, machine tools with low energy efficiency will be left idle and the working efficiency of the whole job-shop would drop severely, and it will prolong the duration of a production cycle. As the power of auxiliary devices is constant, the total energy consumption would increase due to the longer manufacturing period. Energy consumption of manufacturing devices and energy consumption of auxiliary devices have negative correlation between each other. Thus an optimal manufacturing plan should be scheduled to achieve the lowest energy consumption. To make the scheduling problem clear, the following assumptions should be the basis of the problem formulation:
(1) Each operation should not be spilt into finer steps those should be operated on different machine tools.
(2) Each operation on different machine tools is characterized with different machining time and machining energy.
(3) During different life-cycle of a tool cutter, the energy consumption for the same operation is different.
(4) The powers of auxiliary devices in the shop floor are assumed constant.
(5) There's sequencing constraints for each operation, i.e., operations of a work-piece should follow a specific sequence.
(6) The extra energy to start-up and shut-down the machine tool is negligible.
The scheduling problem can be formulated as a series of sets:
(1) A shop floor consists of a set of machine tools M =
(2) The work-piece to be processed can be collected in a set P = {p 1 , p 2 , . . . p i , . . . p n }, i = 1, 2, 3 . . . , n. and the i-th machined work-piece consists of a set of operations
(3) According to the function of each machine tool, the k-th operation of i-th work-piece can be conducted on a set of machine tools
As to the energy consumption of machine m j during the machining time can be estimated below as Eq. (2) (2) where E(m j , op ik ) represents the energy consumption of machine tool m j for conducting operation op ik . H ik−j represents whether the machine tool m j is utilized to conduct the operation op ik , and it can be defined as Eq. (3).
As the makespan is a dominant factor of the total energy consumption and the total manufacturing time of machine tool m j can be estimated as Eq. (4) T
The total manufacturing time is determined by timing when all the work-pieces are processed, so the makespan can be defined by the maximum time for all the operations in all the machine tools.
Thus the total energy consumption of the manufacturing process can be estimated as
IV. THE ARCHITECTURE AND FUNCTIONS OF THE ENERGY-MONITORING SYSTEM
As stated in Section II, scheduling for CNC machining process in the shop is usually researched based on pre-defined machining conditions and energy status. However, manufacturing in the shop floor has been increasingly customized and the energy status of machine tools is always changing with the tool cutter aging. It is essential to update the system coefficients to guarantee the generated scheduling plan is energy efficient. In order to fulfill the aforementioned requirement, it's critical to build a real-time energy monitoring system to address the dynamic working conditions and machine tool's energy status. To improve the current manual data collection approach, a cyber-physical monitoring system is implemented to acquire and record the large-quantity manufacturing data of devices in the shop floor. With CPS integrated, the proposed system could monitor the energy status of devices in the shop floor and optimize the scheduling dynamically.
A. FUNCTION AND INFRASTRUCTURE OF THE CYBER-PHYSICAL ENERGY MONITORING SYSTEM
Predicting energy consumption and self-adapting are the key challenges of dynamic scheduling. To address the challenge, the function of the proposed system should consist of the following three sub-functions:
(1) Series of energy sensors are mounted onto CNC machine tools, air-conditioning devices and lighting devices for monitoring their real-time energy status. Based on the acquired energy data, the scheduling model can be updated to achieve the optimal energy-efficiency.
(2) A tool cutter aging model has been integrated and the energy consumption of machining a work-piece can be predicted based on the acquired energy data. Additionally, error between the predicted energy consumption and the actual energy consumption is defined as the factor which could help identify the aging condition of the tool cutter.
(3) Considering the energy consumption of auxiliary devices and aging conditions of tool cutter, scheduling and re-scheduling algorithms have been developed into the system to generate and adjust the scheduling plan based the acquired data from the sensors amounted onto devices. To realize the above function, Wireless Sensor Network (WSN) has been implemented in the scheduling system based on IPv6 protocol, as illustrated in Fig. 1 . The data collecting system is the basis of CPS to monitor the energy status of devices during the production cycle. Acquired data is transmitted by the 2.4Ghz WIFI to an internet route due to its high reliability and acceptable transmission speed [38] . Then the energy data is recorded by the dynamic scheduling system. When the tool cutter is in the failure stage, the alarm message will be sent through the interface of the system and the maintaining service could be activated.
B. ENERGY CONSUMPTION PREDICTION MODEL OF MACHINE TOOLS
As the most innovative character of self-adapting according to the tool cutter aging condition, the prerequisite is constructing the energy prediction model. During the successive machining, the cutter will gradually degenerate along the metal cutting process. According to the research in [39] , the energy consumption for machining the same work-piece could maximally increase 20% due to the aging of tool cutter. Therefore, an aging factor of tool cutter is defined to describe the cutter wear condition of a tool cutter as Eq. (6) 
where f (t) is the aging factor at time t and SEC t is the specific energy consumption at time t and SEC initial is the initial specific energy consumption using a new tool cutter. In order to compute the aging factor, the energy data for machining a work-piece should be analyzed and recorded in a standard format.
where E is the energy consumption during the machining process. V machined is the volume of removed material which can be obtained from the customized task information. T start and T end are respectively the start time and end time of the machining process. Thus the specific energy consumption at time (T end -T start ) /2 can be estimated as Fig. 2(a) shows the degenerating process of a cutter according to the research in [40] . Correspondingly, the SEC against the machining duration of a tool cutter can be plotted in Fig. 2(b) . It can be observed from Fig. 2(a) that the cutter wear process is composed of three stages: a break-in stage, a steady-state stage and a failure stage. When the tool cutter is newly mounted on the machine tool, its cutting edge is quite sharp and its aging factor increases until the wear condition reaches a steady condition. With the increment of tool wear, the specific energy consumption to remove a unit volume of material increases. When the tool cutter works at the failure stage, the quality requirement can no longer be fulfilled and the cutter needs maintaining.
A tool aging process can be modeled based on the definition of tool aging factor as shown in Eq. (10)
where F(t) can be predicted by curve fitting methods at the tool service time t; α 1 , α 2 and α 3 are the coefficients of the fitting curve. The Root Mean Square Error (RMSE) between the actual aging factors f (t) and the predicted one is selected VOLUME 6, 2018 as the criteria which determines the values of α 1 , α 2 and α 3 .
where N is the total number of the fitting data. Based on the aforementioned analysis, the specific energy consumption at the tool service time t can be calculated as
where E initial is specific energy consumption of machining a work-piece using a fresh tool cutter.
C. WORK FLOW OF THE SYSTEM
A novel process of ''scheduling-monitoring-updatingoptimizing'' is implemented in the proposed system. The detailed explanations are given below as shown in Fig. 3 . Plenty of production cycles are included in a customized manufacturing process in a shop floor and the information of work-piece is certain. With a new production cycle starting, the machining information, especially the volume of removed materials, is updated to the system and the scheduling plan is generated considering the tool aging factor. At the same time, the energy status of the new cycle production is recorded for updating the tool aging model.
In the scheduling stage, the energy data of the last production cycle are utilized to generate the tool aging model based on which the energy status of the current production cycle is predicted. As the energy status of devices is clearly defined, the scheduling plan could be generated aiming at the energy efficiency of the job-shop.
In the monitoring and updating stage, current energy consumption data is obtained by the sensors mounted on the machining devices. The acquired actual data is compared with predicted data to estimate the error between them. If the error is under 5%, the current data will be adopted to update energy consumption of the next work-piece will be predicted by the updated model. On the other hand, if the error exceeds 20% [26] , an abnormal machining condition will be recognized by the system and maintaining service will be triggered for the specific device.
In the optimizing stage, the newly predicted energy consumption is adopted by the scheduling algorithm to improve energy efficiency of the shop floor. Additionally, after the maintaining service is triggered, the specific device is removed from the set of machine tools M and the operations would be re-allocated to achieve optimal energy efficiency.
V. SCHEDULING OPTIMIZATION OF THE JOB-SHOP
In the proposed system, a Genetic Algorithm with multi-layer coding is has been implemented to generate the scheduling plan. The time consumption and energy consumption for each operation on different machine tools are pre-investigated before the production cycle begins.
The Genetic Algorithm mimics the variation process of gene to search the optimal solution of a problem. The algorithm consists of five steps: 1) initializing the chromosomes to generate a series of random solutions for the scheduling problem. 2) calculating the fitness of each scheduling solution 3) selecting a column of solutions using Roulette Selection method 4) evolving the gene of selected solutions, i.e., conducting crossover and mutation on the code of solutions 5) repeating Step 2-4 until the fitness stays stable. The details of each step are given as follows:
(1) Encoding and initialization. A chromosome in the population represents a feasible solution of the optimization problem. In our case, a schedule of the manufacturing process can be divided into two parts, i.e., the indexes of machined parts and the indexes of machine tools conducting the corresponding operations. If x i operations are contained in the i-th work-piece, the length of a code . It implies that the machining sequence of work-pieces is 2 nd (on 2 nd machine tool), 4 th (on 1 st machine tool), 3 rd (on 3 rd machine tool), 1 st (on 3 rd machine tool), 1 st (on 2 nd machine tool), 2 nd (on 2 nd machine tool), 3 rd (on 1 st machine tool), 4 th (on 3 rd machine tool). The initial population containing Schromosomes could be generated according to the time consumption and energy consumption of each operation.
(2) Definition of fitness. As our scheduling aims at minimizing the energy consumption of the job-shop during the manufacturing process, the total energy consumption of the specific solution should be set as the fitness of a piece of code, as shown in Eq. (13) . (13) (3) Selecting optimal solutions. Roulette Selection method is implemented to choose the schedule with higher fitness from the population, and the probability of choosing the specific schedule is negatively related to its fitness as shown in Eq. 14.
where a is the index of a chromosome and Fitness(a)= 1/fitness. (4) Crossover and mutation.
To evolve the population, mutation and crossover operation are conducted on the chromosome. Mutation operation is conducted on a single chromosome.
In mutation operation, two stochastic positions are chosen from a chromosome and the codes on corresponding positions are exchanged. Thus a new chromosome with evolved characteristics is generated. However, due to the multi-layer structure of the coding method in our case, two mutation positions should be chosen from each layer. For example, if the mutations positions are the second and fourth coding of a chromosome [2 2 1 3 2 2 3 3 1; 1 1 2 1 2 1 2 2 2], the coding of specific positions in two layers are exchanged concurrently and the mutated chromosome is [2 3 1 2 2 2 3 3 1; 1 1 2 1 2 1 2 2 2].
As for the crossover operation, two pieces of code at the same position are selected from two chromosomes, and they are exchanged to generate two chromosomes containing new information. However, in our case, some redundancy and deficiency exist in both chromosomes after crossover operation. The redundancy and deficiency are balanced, i.e., the redundant operations will be turned to deficient operations to guarantee the correctness of chromosomes.
VI. CASE STUDY AND DISCUSSION
To establish the validity of our model, the scheduling method is applied in a production cycle which contains 6 work-pieces. For each work-piece, different operations require different kinds of machine tools and redundant machine tools are available for each kind of operation to improve the machining efficiency. Each operation of work-pieces and their corresponding machine tools are shown in Table. 1. As the machining time of a specific work-piece on a machine tool is irrelevant to the tool aging condition, the time consumption of operations on each available machine tool is constant, corresponding to the indexes of machine tools, as shown in Table. 2.
Before discussing the energy status of devices in the jobshop, the reading approach of energy data acquired from sensors has to be stated. As the extra energy in turning on/off the machine tools is negligible compared to the energy consumption of machining the work-piece, the power data of a machine tool can be estimated by averaging the power during its machining process, thus the energy consumption is actually the time integration of the power, as shown in Fig. 4 .
If the tool aging factor is ignored in the scheduling process, the energy consumption of a work-piece on a specific machine tool can be estimated based on the average of its historical energy data. Thus the energy consumption can be calculated considering the geometry information of the work-piece and listed in a table as shown in Table. 3.
Based on the energy consumption information in Table. 3  and time consumption information in Table. 2, the production cycle can be scheduled considering the constant power of air-conditioning and lighting devices that P air−conditioning + P lighting = 6.88kW .
Gantt diagram of the schedule is shown in Fig. 5 where the number in each block represents the indexes of the specific work-piece and operation. For example, the number ''205'' at the bottom right corner of Fig. 5 means that Operation 5 of Work-piece 2 is conducted on the machine tool with index of 1. Total energy consumption of the production cycle is E machining + (P air−conditioning + P lighting ) · T = 46327.4kJ . However, energy consumption of a work-piece changes along with the tool aging condition. Based on the historical data, a tool aging model can be generated for each machine tool according to the method in Section 4.2 and the tool aging curve can be fitted according to Eqs. (10)- (11). The fitting coefficients of each tool aging curve have been listed in Table. 4.
The fitted tool aging curves of machine tools, as shown in Figs. 6(a)-(j) , could be utilized to predict the energy consumption of the current production cycle according to Eq. (12) . As the cutter amounted on each machine tool is not brand-new, a Prediction Start Point has been marked on each tool aging curve to indicate the start which part of each curve could be used to predict energy consumption of the current production cycle.
Thus the scheduling problem could be solved according to the modified Genetic Algorithm considering the tool aging condition and the Gantt Diagram of the schedule can be seen in Fig. 7 . According to the tool aging model and the scheduling of current production cycle, the predicted energy of each operation can be listed in Table. 5. Considering the constant power of air-conditioning and lighting devices, the total energy consumption can be calculated as E machining + (P lighting + P air-conditioning ) · T = 46327.4kJ . That implies a 9.35% energy saving in the manufacturing process considering the tool aging condition.
According to the power data acquired from the sensors, the energy consumption of each operation in the real manufacturing process can be estimated, as shown in Table. 6. Comparing the energy data of Tables. 5-6, the average error of our prediction can be calculated as
where p and q are indexes of operation and work-piece respectively. The calculated error of our schedule considering the tool aging condition is Err = 7.25%. Similarly, the estimation error of energy data based the average of machine tool's historical data in Table. 3 could be calculated Err = 31.7%. We could easily draw the conclusion that consideration of tool aging condition could significantly improve the accuracy of predicting energy consumption of a manufacturing process.
VII. CONCLUSIONS
In this research, CPS is applied to monitor the real-time energy status of machine tools in the shop floor. Based on the acquired data from sensors mounted on devices of a job-shop, a tool aging model is constructed and used to schedule the current production to achieve higher energy efficiency. The developed system is innovated in the following aspects:
(3) A modified Genetic Algorithm with multi-layer coding is applied to generate an energy-efficient schedule.
(4) With consideration of tool aging condition, 9.35% energy saving is achieved and the error of energy consumption prediction has been reduced from 31.7% to 7.25%.
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